This paper presents a novel approach to combine three powerful methods of control theory, namely, chattering free adaptive sliding mode control, fuzzy logic-based modeling method, PID control and fuzzy c-means clustering algorithm to build a robust learning control for nonlinear uncertain systems such as advance robot manipulators. The combination not only encompasses the features and capabilities of its components but also the limitations attributed to these techniques may be remedied by each other. To date different combinations of the above mentioned methods presented in the literature each having its own merits and limitations. But, for advance robotics applications, there is a pressing need for the control systems that are able to learn systematically and efficiently during the course of operation, from its own experience, from the demonstration and through supervised fashion as well. The controller proposed in this paper aims at building such a control system. The global stability and robustness of the proposed controller are established using Lyapunov's approach and fundamentals of sliding mode control theory. Based on the simulations and experimental results, the proposed controller performs remarkably well in terms of the tracking error convergence and robustness against uncertainties.
Introduction
It is a well known fact that the advanced highperformance robots designed to perform complex tasks, maneuver very quickly and accurately under payload variation, unknown disturbances, and model uncertainties need a robust intelligent controller that ensures the stability and robustness of the overall closed-loop system, and guarantees the desired performances. On the one hand, design and implementation of such a controller requires an exact dynamic model of the robot, but it is impossible or very difficult to obtain an exact dynamic model of the system, due to the presence of complex phenomena such as large flexibility, dynamic coupling between different moving components, Coulomb friction, backlash, payload variation, unknown disturbances, and time-varying parameters (e.g., parameters relating to tear and wear), which are all uncertain to some extent. Therefore, there is a pressing need for the control systems that are able to learn systematically and efficiently during the course of operation, from its own experience, from the demonstration and also in an unsupervised fashion [1, 2] .
The controller proposed in this paper aims at building such a control system using a novel approach to combine adaptive fuzzy modeling algorithm, fuzzy c-means clustering algorithm [3, 4] , adaptive sliding mode control [5] and PID controller. The controller combines all the salient features of fuzzy modeling (FM), neural network modeling, sliding mode control (SMC), proportional integral derivative (PID), and repetitive control (the adaptive fuzzy model makes the controller a model-based learning or internal model learning control). Additional features are: i) both tracking error and prediction error are used in this structure; ii) PI-type SMC is an identifierbased controller with implicit tuning: iii) weighted sum of the fuzzy rules outputs calculation which is proposed by the author resembles the computational model of a granular neuron; iv) modified and improved fuzzy c-mean clustering algorithm (FCM) used to identify the patterns in data of the system and to generate efficient fuzzy rules is another feature of the system. The parameterized fuzzy model of the system and adaptive SMC allows controller to compensate for non-repetitive disturbances and fast timevarying disturbances as well. Furthermore, these two components of the control law can also be interpreted as the integration of the fast learning component to compensate for immediate feedback information, and the slow learning component which is based on the knowledge that has already been built into the knowledge base of the controller, i.e., the information encapsulated in the fuzzy rules which form the fuzzy model of the system. This knowledge can be updated and modified based on the longterm observation (i.e., generation of the new fuzzy rules or modification of the existing fuzzy rules using fuzzy Cmeans clustering algorithm). These two learning components illustrate the human approach to solving a problem or making a decision, in which one relies on both long-term experiences and instantaneous calculation or evaluation of the situation.
Robot Manipulator Dynamics
In the following subsections, the general inverse dynamic model and fuzzy inverse dynamic model of manipulators are discussed.
General Inverse Dynamics Model of Robot Manipulators
The inverse dynamic model of any (serial or parallel) manipulator in the absence of external forces can be described by or transformed to the following form of second order differential equation [6] (2) may contain another term due to the holonomic constraints because of the closed-loops and existence of passive joints. One useful structural property of equation (1), from control point of view, is that matrix ( , , ) 2 ( , , ) Mt Ct  is skew-symmetric. For the sake of brevity, the arguments of functions are eliminated in some of the following equations. As pointed out earlier, because of the system uncertainty and external disturbances, equation (1), which describes the dynamic model of a manipulator, is not exactly known. Therefore, due to uncertainties the dynamic model of the manipulators can be written as: (1) and (3) can be written in the following compact form, respectively ( , , , )
The term ( , , , ) Ft  will be referred to as the "uncertainty vector of the inverse dynamic model" hereafter. It is assumed that vector ( , , , ) Ft  and its partial derivatives are continuous and locally uniformly bounded in Euclidian norm. For simplicity, the term ( , , , ) Ft  will be replaced with ( , , , ) Ft hereafter. Based on equations (4) and (5), the following expression holds ( , , , ) ( , , , ) ( , , , ) Ft Ft Ft  (6) whereˆ( , , , ) Ft is the known part (the approximated part) of the manipulator inverse dynamic model and can be approximated using fuzzy modeling method [3, 4] . Fuzzy logic is capable of modeling vagueness, which cannot be described by precise mathematical models; of handling uncertainty; and of supporting human-type reasoning.
Fuzzy Inverse Dynamic Model of Robot Manipulator Dynamics
The fuzzy dynamic model considered here is a qualitative explanation of the manipulator's behaviour in the framework of fuzzy logic (in the form of IF-THEN rules) instead of a mathematical equation. Conceptually, a multi-input-multi-output system with multiple independent outputs can be considered as a set of multi-input-singleoutput (MISO) systems. For example, in the inverse dynamic problem of a manipulator, the torque of each joint is a function of position, velocity and acceleration of that joint and the other joints. Therefore, for an n-DOF manipulator, a MISO fuzzy model for joint k, (k = 1, …, n)
expresses the variation of that joint's torque/force, as a result of the motion of all joints, in the following form of the rules 
where i R is the i-th rule (i = 1, …, N), and q 1 , …, q r , are the main input variables for joint k, k=1,…, n, that were identified among the elements of the joint displacement, velocity and acceleration. Parameter identification which, in this paper, consists of identification of the optimum values of the parameters of the FCM clustering algorithm and the parameters of the reasoning mechanism, for more information please refer to Zeinal and Notash [3] . In this paper the methodology of fuzzy model construction from available input-output data is based on the improved systematic fuzzy modelling method reported in [3, 4] , through the following three general steps:

Step 1 is the procedure of data acquisition [inputoutput data).  Step 2 is system identification, which includes structure identification (i.e., number of fuzzy rules) and parameter identification (i.e., weights of the rules).  Step 3 is fuzzy reasoning, which is an inference procedure that derives conclusions from a set of fuzzy IF-THEN rule and known facts.
The above steps can be performed for all joints of the manipulator and an MISO fuzzy model can be built for the robot [3] .
Controller Design and Analysis
As mentioned in the introduction section, SMC is common approach that can be used to control a robot manipulator robustly and efficiently. According to references [7, and 9] , the standard sliding mode control law for a nonlinear uncertain system, which guarantees the stability and convergence is a discontinuous control law in the following form:
where b K is the bounds of uncertainty vector which have to be known a priori, S is the sliding surface function, and sgn( ) S is a signum function. However, the application of control law given in Eq. (8) can be limited mainly due to chattering and unknown bounds of the uncertainties (model uncertainties and external disturbances). It is a well-known fact that the above discontinuous term is the fundamental cause of chattering and also is designed conservatively based on the bounds of uncertainties. Therefore, to eliminate the chattering and preserve the robustness of the SMC in this research, continuous term u eq (t)in Eq.s (8) is replaced by adaptive fuzzy model of the robot and discontinuous term sgn( ) b KS will be replaced by a continuous term which can be updated recursively in an online procedure in order to compensate for uncertainties and for unforeseen time-varying effects. The task of the robust continuous sliding mode control design with the above mentioned characteristics and without knowing the bounds of uncertainties consists of two phases: i) selection/design of a sliding (switching) surface so as to achieve the desired system behavior (e.g., asymptotic stability), when restricted to the surface; and ii) constructing a control law to force the system state trajectory to move towards and stay on the sliding surface. For the first phase of the design, an exponentially stable error dynamics is chosen as a desired sliding surface to guarantee the convergence of tracking error to zero, while the system is in the sliding mode. The following PID type surface () Stis considered in order to ensure zero offset error: is the reference velocity [9] . Thus, according to equations (8), (9), (10), and (11) the control law can be designed as
, r r est
Given the nonlinear uncertain system in equation (3) with the sliding variable () St represented with equation (9), and the controller of equation (12), using Lyapunov method asymptotic stability of the closed-loop system in the presence of model uncertainties and external disturbances is guaranteed if the following adaptive law is chosen [5] .
By integrating equation (13), the lumped uncertainty can be estimated simply as follows
By replacing () St and est F in equations (12), the robust adaptive control law in equation (15) 
The proposed controller has the ability to improve its performance in the future, based on information it has gained in different operating conditions in the past, through collecting and clustering of input-output data and generating new fuzzy rules. This means the controller incorporates memory, since using of past information is necessary for future improvement. By improving its performance and learning from the past, this control system has some degree of autonomous capability and has the ability to learn from demonstration. The desired closedloop system performance can be obtained through PID term and on-line estimation capability while the controller is learning the time-varying dynamic of the robot and the uncertainties of the environment and process.
Experimental Results
The experimental test-bed used to validate the controller is an open-architecture 2-DOF serial flexible link robot (2D-SFLR), which has been designed and built by QUANSER Company. Fig. 1 shows the general configuration of the 2-DOF SFLR. This experimental system consists of two DC motors each driving harmonic gearboxes (zero backlash), and two serial flexible linkages. As a result of link flexibility, vibration in the manipulator appears during the control, which in turn, makes the control more complex than rigid-link robots.
Both links of 2D-SFLR are instrumented with a strain gage sensor to allow implementation of the full-state feedback controller. To evaluate the proposed controller performance, and its robustness, the controller is implemented using a Matlab Simulink and QUARC 2.1 and tested for several desired trajectories and under large amount of external disturbances. Fig. 2 (a) and (b) illustrate the tracking performance of the proposed controllers from non-zero initial condition for a sinusoidal trajectory. Fig. 3 shows the results obtained from implementation of the full state feedback LQR controller. Fig. 3 (a) and (b) show the results obtained using LQR controller. Comparison of Fig.  2 and Fig. 3 shows that the proposed learning controller outperforms the full-state feedback controller. Fig. 4 (a) and (b) show the trajectory tracking performance, and robustness of the proposed controller in the presence of the external disturbances. As can be seen from the results (Fig. 2, and Fig. 4) , almost perfect tracking is achieved without any knowledge of the manipulator dynamics and without knowing the bounds of the uncertainties. 
Conclusion
A robust learning control method for real-time applications was proposed and tested. The proposed method uses the advantages of adaptive fuzzy modeling algorithm, adaptive sliding mode, and PID techniques, while the disadvantages attributed to these methods are remedied by each other. The main contributions of the proposed approach are as follows. (1) The lumped uncertainty as an uncertain part of the dynamic model is estimated, by adjusting the parameters of the fuzzy model of the robot (prediction error) and based on the measured performance (i.e., tracking error) and from the behavior of the sliding mode dynamics, instead of estimating the unknown parameters of the linearly parameterized dynamic model or using the conservatively estimated uncertainty bounds to design a robust controller. (2) The controller is suitable for real-time applications due to simplicity in terms of implementation and computation burden. (3) The controller equipped with a fast and slow learning system to account for fast time-varying parameters and slowly timevarying parameters. The proposed controller can be implemented with or without any knowledge of the manipulator dynamics and knowing the bound uncertainties. The simulation and experimental results obtained are very promising and confirm that a very good tracking performance can be achieved in the presence of the un-modeled dynamics, external disturbances, and timevarying parameters. 
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